Introduction {#s1}
============

Intelligence and educational attainment are associated with many socioeconomic and health outcomes ([@bib12]; [@bib11]; [@bib25]; [@bib24]; [@bib37]). However, the causal relationships between intelligence, education, and health outcomes are unclear, in part, because intelligence and education are strongly correlated. On average, children who score more highly in intelligence tests tend to remain in school for longer, ([@bib23]) and people who remained in school for longer tend to have higher intelligence later in life ([@bib51]). Intelligence and educational attainment are partially heritable, and strongly genetically correlated (r~g~=0.70) ([@bib46]; [@bib40]; [@bib38]; [@bib39]). A review of the effects of educational attainment on socio-economic and health outcomes in later life found some evidence that increases in education led to lower mortality, especially for older cohorts ([@bib28]). However, there was little consistent evidence of effects on other outcomes such as obesity ([@bib28]). A systematic review of 28 studies provided evidence using quasi-experiential designs that each year of education causes measured IQ to increase by on average 1 to 5 points ([@bib51]). Large prospective studies have found that intelligence test scores taken at age 11 strongly associate with educational attainment later in life, a link that is, in part, explained by shared genetic effects ([@bib23]; [@bib10]). However, there are no quasi-experimental studies of the effects of intelligence on education because intelligence is less subject to perturbation by natural experiments such as policy reforms. In order to design successful interventions aimed at the amelioration of health conditions, it is necessary to determine the extent to which intelligence, education, or both, are causal factors for health outcomes. If the health differences are mainly due to differences in intelligence that are independent from education, then changes to the length of schooling are unlikely to affect population health. If, however, educational attainment has a causal effect on health and socioeconomic outcomes later in life, and these effects are independent of intelligence, the health of the population may be able to be raised by implementing a policy change aimed at increasing the duration of education ([@bib25]).

Mendelian randomization is an approach that can provide evidence about the relative causal effects of intelligence and education on social and health outcomes under specific assumptions ([@bib15]; [@bib18]). Mendelian randomization generally uses single nucleotide polymorphisms (SNPs) that associate with traits of interest, in this case intelligence and educational attainment, as proxy variables for a trait. At each SNP, offspring inherit at random one of their mother's two possible alleles and one of their father's two possible alleles. With the exception of somatic mutation, SNPs are invariant post-conception, so it is not possible for the environment or developing disease to affect inherited DNA. Thus, SNPs are not affected by reverse causation, which can distort causal interpretations of observational epidemiological associations. Segregation of alleles at germ cell formation (Mendel's first law) and the independent assortment of alleles with respect to the rest of the genome excepting proximal DNA segments (Mendel's second law), and the lack of environmentally influenced effects on survival from conception through to live birth and study entry, leads to genetic variants being largely unrelated to factors that would confound conventional observational studies ([@bib14]).

Instrumental variable interpretations of Mendelian randomization analysis depend on three assumptions, (1) the genetic variants associate with the risk factors of interest, (2) the genetic variants-outcome associations are not confounded by potentially unmeasured factors, and (3) the genetic variants only affect the outcomes via their effect on the exposures of interest (in this case intelligence or education) ([@bib18]). One approach would be to estimate the effects of intelligence and education separately using SNPs identified in GWAS for intelligence or education ([@bib40]; [@bib48]). However, this could be misleading, as SNPs that affect intelligence are likely to also affect education and vice versa. Thus, the SNPs associated with intelligence and education are pleiotropic -- and most affect both traits. However, it is unclear whether any effects of the SNPs on the health and socioeconomic outcomes later in life via education and intelligence are vertically or horizontally pleiotropic ([@bib16]).

Consider a Mendelian randomization study with one exposure - education. Vertically pleiotropic effects would occur if the SNPs being used as proxies for education affect the outcomes first via their effects on intelligence, which then has a downstream effect on educational attainment ([Figure 1a](#fig1){ref-type="fig"}). Horizontally pleiotropic effects could occur if a SNP being used as a proxy for education directly affected an outcome via intelligence without being mediated via education ([Figure 1b](#fig1){ref-type="fig"}). In a Mendelian randomization analysis using education as a single exposure, this horizontal pleiotropy would violate the third Mendelian randomization assumption. Alternatively, the SNPs being used as proxies for education could affect intelligence, and consequently educational attainment, but all of the effects of the SNPs on the outcome could be mediated via intelligence ([Figure 1c](#fig1){ref-type="fig"}). Pleiotropy would have similar consequences for a Mendelian randomization study with intelligence as a single exposure. One method which can provide evidence about which of these scenarios is most likely is multivariable Mendelian randomization ([@bib52]; [@bib7]). This approach simultaneously estimates the effects of two or more risk factors using a potentially overlapping set of SNPs. Multivariable Mendelian randomization estimates the direct effect of each risk factor -- i.e. the direct effect of intelligence on outcomes that is not mediated via the effect of intelligence on education, and the direct effect of education that is not mediated via the effect of education on intelligence ([Figure 2](#fig2){ref-type="fig"}). It is important to note that multivariable Mendelian randomization does not overcome bias due to horizontally pleiotropic effects via other mechanisms, for example, effects via character or personality.

![Possible explanations for associations of SNPs and intelligence, education and outcomes later in life.\
(**A**) Vertical pleiotropy: SNPs associated with intelligence and educational attainment could be vertically pleiotropic. This could occur if all of the effect of the SNPs on the outcomes is mediated via their effects on intelligence, the effect of intelligence on educational attainment, and the effect of educational attainment on the outcome. Confounders omitted from this figure for clarity. (**B**) Horizontal pleiotropy: The SNPs could be associated with the outcome via intelligence and educational attainment because of horizontal pleiotropy. This would occur if the SNPs had effects on the outcome via intelligence or education that were not mediated via the other trait. (**C**) Confounding pleiotropy: The SNPs could be associated with the outcomes, intelligence and educational attainment because of the effect of the SNPs on intelligence, and hence education, but that education had no direct effect on the outcome (i.e. the effects of the SNPs were entirely mediated via intelligence. This would occur if the SNPs had effects on the outcome via intelligence or education that were not mediated via the other trait (or vice versa). Multivariable Mendelian randomization does not overcome bias due to other pleiotropic effects by pathways other than intelligence or education.](elife-43990-fig1){#fig1}

![Multivariable Mendelian randomization estimates the direct effect of intelligence and education on the outcomes.\
The direct effect (red arrow) excludes any effect of either intelligence (or education) that is mediated via education (intelligence) on the outcome. It requires genetic variation that explains a sufficient proportion of the variation in intelligence and education conditional on the other trait ([@bib16]). It uses a set of SNPs that associate with intelligence and/or education at p\<5×10^−08^.](elife-43990-fig2){#fig2}

Here, we used a large sample from the UK Biobank and SNPs associated with intelligence and education to estimate the direct effects of intelligence and education on a range of health and socioeconomic outcomes. Our primary analysis uses two-sample multivariable Mendelian randomization of the effects of intelligence and education on a range of socioeconomic and health outcomes. This approach makes most efficient use of available data. We present single sample Mendelian randomization analysis using polygenic risk scores in the UK Biobank as sensitivity analyses.

Results {#s2}
=======

The characteristics of 138,670 participants of UK Biobank who met our quality control and inclusion criteria for our primary two-sample multivariable analysis are described in [Table 1](#table1){ref-type="table"}. We take estimates of the SNP-intelligence and SNP-education associations from published GWAS of intelligence and education (Hill et al. and Okbay et al.) and estimates of the SNP- outcome associations using participants of the UK Biobank who were not included in either GWAS. The intelligence and education GWAS used overlapping samples, but do not overlap with the sample used to estimate the SNP-outcome associations. See [Supplementary file 1 - Figure 1](#supp1){ref-type="supplementary-material"} for a flow chart of participants' inclusion and exclusion into the analytic samples. The sample was 45.5% male and on average were 57.3 years old when they visited the assessment centre. The prevalence of the clinical outcomes in this sample ranged from 1.5% for stroke to 34.6% for a broad measure of depression. Of the participants in this sample, 2.0% died by the end of linked data follow-up. A total of 45.2% of the sample had ever smoked, and 9.2% were current smokers.
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###### Characteristics of 138,670 participants of the UK Biobank used to estimate the association of the SNPs and the outcomes.

The sample is more educated and healthier than the UK population. The sample was restricted to participants included in the two-sample analysis used for our primary results.

  Covariates                                             Mean/percent   Standard deviation/ count
  -------------------------------------------- --------- -------------- ---------------------------
  Male                                         138,670   45.5%          63,111
  Year of birth                                138,670   1951           8.08
  Age at assessment centre visit               138,670   57.3           8.08
  **Exposures**                                                         
  Intelligence\*                               137,396   6.20           2.10
  Educational attainment                       137,354   14.55          5.16
  **Outcomes**                                                          
  Hypertension                                 134,751   24.9%          33,494
  Diabetes                                     137,883   4.3%           5988
  Stroke                                       138,417   1.5%           2090
  Heart attack                                 138,417   2.4%           3260
  Depression                                   137,733   34.6%          47,624
  Cancer                                       138,078   13.4%          18,482
  Mortality                                    138,670   2.0%           2783
  Ever smoker                                  138,044   45.2%          62,365
  Smoker                                       138,044   9.3%           12,831
  Income over £18 k                            117,750   76.9%          90,537
  Income over £31 k                            117,750   51.0%          60,077
  Income over £52 k                            117,750   24.9%          29,358
  Income over £100 k                           117,750   5.0%           5871
  Grip strength (kg)\*                         138,432   7.8%           11.04
  Height (cm)\*                                138,374   168.74         9.27
  BMI (kg/m2)\*                                138,241   27.36          4.72
  Diastolic blood pressure (mmHg)\*            132,955   82.31          10.16
  Systolic blood pressure (mmHg)\*             132,954   138.24         18.64
  Alcohol consumption (one low, five high)\*   138,550   3.15           1.48
  Hours of television viewing per day\*        133,714   2.88           1.62
  Vigorous physical activity (days/week)\*     131,529   1.82           1.95
  Moderate physical activity (days/week)\*     131,561   3.60           2.33

Notes: \* Intelligence used in the single sample analysis reported in Supplementary Table 4. Both intelligence and educational attainment were normalised mean zero, standard deviation one for these analyses.

Bidirectional Mendelian randomization of intelligence and education {#s2-1}
-------------------------------------------------------------------

We investigated the direction of causation between intelligence and education using bidirectional two-sample Mendelian randomization. We restricted analysis to SNPs that were available in the [@bib40] intelligence genome-wide association study (GWAS), the discovery sample of [@bib48] educational attainment GWAS, and the UK Biobank Haplotype Reference Consortium panel (HRC). We selected all SNPs that were associated with intelligence at p\<5 × 10^−08^. Of these SNPs, we then selected the lead SNPs within each 10,000 kb genomic region by selecting the SNP with the lowest p-value. We then repeated this process to select all SNPs that associated with education at p\<5 × 10^−08^, and selected lead SNPs within each region. This resulted in 270 SNPs that were associated with either intelligence or education, or both. Some of these SNPs represented the same signal, so we clumped a combined list of SNPs by selecting the SNP with the lowest p-value for education. This resulted in 219 SNPs, of which 144 were associated with intelligence, but not education at p\<5 × 10^−08^, 38 were associated with education, but not intelligence at p\<5 × 10^−08^, and 37 were associated with both intelligence and education at p\<5 × 10^−08^. All 219 SNPs associated with either trait were included in the multivariable Mendelian randomization analysis for both intelligence and education (for a flow chart of selection of SNPs see [Supplementary file 1 - Figure 2](#supp1){ref-type="supplementary-material"}).

We estimated the effects of intelligence on education and vice versa using non-overlapping data from the UK Biobank. We used two-sample summary data Mendelian randomization methods including the inverse variance weighted (IVW), MR-Egger, weighted median and modal estimators, see methods for details ([@bib4]; [@bib4]; [@bib32]). The inverse variance weighted (IVW) estimates implied that a one standard deviation (SD) increase in intelligence increased years of education by 0.52 SD (95% CI: 0.48 to 0.56, p-value=2.2 × 10^−145^). The IVW estimates imply that a one SD increase in education increased intelligence by 0.77 SD (95% CI: 0.68 to 0.86, p-value=3.0 × 10^−62^). There was more evidence of heterogeneity in the estimated effects of education across the SNPs (I^2^ = 0.60, 95% CI: 0.48 to 0.69) than in the estimated effects of intelligence (I^2^ = 0.48, 95% CI: 0.38 to 0.56). The heterogeneity statistic indicates the variability of the estimated effects between SNPs; a value of zero indicates no heterogeneity and one indicates high heterogeneity. One explanation for this heterogeneity across SNPs is if the SNPs have horizontally pleiotropic effects. The effects of each of the SNPs on intelligence and education, along with the IVW, MR-Egger, weighted median and weighted mode estimates are presented in [Figure 3](#fig3){ref-type="fig"} and [Supplementary file 1 - Table 1 and 2](#supp1){ref-type="supplementary-material"}. The estimated effect of intelligence was consistent and robust across four different estimators (IVW, MR-Egger, weighted median and weighted mode). The estimated effect of education was robust across IVW, weighted median and weighted mode, but the MR-Egger estimate was attenuated by over half, one explanation for this is if the education SNPs have unbalanced horizontally pleiotropic effects on intelligence or the INSiDE assumption is violated. There was little statistical evidence that the estimated effects of intelligence on education were biased by horizontal pleiotropy (MR-Egger intercept = 0.001, 95% CI: −0.005 to 0.003, p-value=0.68). However, these tests for pleiotropy are likely to have low power. There was modest evidence that the estimated effects of education on intelligence were affected by horizontal pleiotropy (MR-Egger intercept = 0.009, 95% CI: 0.001 to 0.016, p-value=0.03).

![The bidirectional effects of SD differences in years of education and intelligence in UK Biobank.\
The error bars indicate 95% confidence intervals around the estimated phenotype-SNP associations. Two sample multivariable Mendelian randomization using results from [@bib40], [@bib48] and UK Biobank data. These results suggest that intelligence increases length of schooling and that higher education leads to higher intelligence. Pleiotropy robust methods, such as MR-Egger suggested little bias in the IVW estimates of the effect of intelligence on education, but that the IVW results may substantially overestimate the effect of education on intelligence. Estimates adjusted for month of birth, year of birth, sex, interaction of sex and year of birth and the first 40 principal components. For panel A, Q-stat = 368.7 (p\<0.0001), I^2^~gx~=34.7%. For panel B, Q = 183.3 (p\<0.0001), I^2^~gx~=12.5%.](elife-43990-fig3){#fig3}

Univariable Mendelian randomization {#s2-2}
-----------------------------------

We estimated the total effect of intelligence and education on each of the social and health outcomes using two-sample summary data Mendelian randomization ([Supplementary file 1 - Figure 3](#supp1){ref-type="supplementary-material"}). This approach estimates the total effect of a one SD change in intelligence or education including any effects mediated through the other (or any other, for example character) trait. The estimates of the total effects for each outcome for intelligence and education were generally in a consistent direction. The inverse-variance weighted estimates imply that a one standard deviation increase in intelligence reduced risk of: high blood pressure by 4.0 percentage point (pp) (95% CI: 0.02 to 0.06, p-value=1.2×10^−05^); diabetes by 0.8pp (95% CI: 0.1 to 1.6, p-value=0.04); having had a heart attack by 1.2pp (95% CI: 0.7 to 1.7, p-value=5.5 × 10^−07^); of reporting having seen a GP for nerves, anxiety, tension or depression by 0.5pp (95% CI: 0.3 to 0.5, p-value=8.1×10^−08^). The results suggested that a one standard deviation increase in intelligence was unlikely to have a large effect on risk of mortality or cancer (risk difference = −0.001, 95% CI: −0.006 to 0.003, p-value=0.57, and = −0.01, 95% CI: −0.02 to 0.003, p-value=0.12). A one standard deviation reduced risk of being an ever or current smoker by 4.9pp (95% CI: 2.8 to 6.9, p-value=4.5 × 10^−06^) and 3.5pp (95% CI: 2.4 to 4.7, p-value=1.2×10^−09^). Intelligence also had substantial total effects on household income, increasing the probability of reporting a household income higher than £18,000, £31,000, £52,000 and £100,000 by 11.4pp (95% CI: 9.8 to 12.9, p-value\<1.4×10^−45^), 13.4pp (95% CI: 11.5 to 15.3, p-value=2.1×10^−44^), 11.9pp (95% CI: 10.3 to 13.6, p-value=3.4×10^−47^), and 4.1pp (95% CI: 3.3 to 4.9, p-value=7.7×10^−24^) respectively. Higher intelligence generally had beneficial total effects on all of the continuous outcomes. A one standard deviation increase in intelligence was estimated to increase: grip strength by 0.32 kg (95% CI: 0.03 to 0.67, p-value=0.07); height by 1.44 cm (95% CI: 0.95 to 1.94, p-value=1.4×10^−08^); alcohol consumption by 0.29 (95%CI: 0.23 to 0.35); days of vigorous physical activity per week by 0.17 (95%CI: 0.10 to 0.24, p-value=6.7×10^−06^); and moderate physical activity by 0.32 (95%CI: 0.23 to 0.40, p-value=1.1×10^−13^) and reduce: BMI by 0.91 kg/m^2^ (95% CI: 0.65 to 1.18, p-value=7.7×10^−12^); and systolic and diastolic blood pressure by 1.09 (95%CI: 0.65 to 1.54, p-value=1.5 × 10^−06^) and 1.86 (95%CI: 1.12 to 2.61, p-value=9.1×10^−07^) mmHg respectively; and hours watching television per day by 0.49 (95%CI: 0.42 to 0.57, p-value=4.3×10^−20^).

The effects of a one SD increase in education were very similar in direction and magnitude to those of intelligence. An exception was that there was little evidence that education affected frequency of vigorous physical activity (mean difference = 0.00 95% CI: −0.15 to 0.15, p-value=0.997).

Multivariable Mendelian randomization {#s2-3}
-------------------------------------

Next, we estimated the direct effect of each exposure using multivariable Mendelian randomization ([@bib52]). The direct effect of intelligence (or, *mutatis mutandis*, education) is the effect of intelligence that is not mediated via education (or intelligence). Multivariable Mendelian randomization estimates the effects of two exposures using the two sets of (overlapping) SNPs as instruments. We restricted the analysis to SNPs in linkage equilibrium which were identified in the intelligence and/or education GWAS at p\<5 × 10^−08^ clumped on r2 = 0.01 within 10,000 kb using the 1000 genomes reference panel ([@bib36]). Some SNPs that were selected from the intelligence and education GWAS were closely positioned in the genome and were correlated. For these pairs of SNPs, we selected the SNP that most strongly associated with education in the GWAS. Sensitivity analysis which clumped SNPs using their association in the intelligence GWAS is presented in the supplementary materials; however, the results were virtually identical. The instruments strongly predicted both education and intelligence in the single sample analysis (the minimum Sanderson-Windmeijer multivariable F-statistic was 21.6) ([@bib52]; [@bib54]). Sanderson-Windmeijer F-statistics tests the strength of the SNP-exposure conditional on the other exposure (intelligence or education). Because the effects of the SNPs on intelligence and education are similar (but not identical), the Sanderson-Windmeijer multivariable F-statistics are smaller than standard univariable F-statistics. The estimates of the direct effects presented in [Figure 4](#fig4){ref-type="fig"} are less precise than the estimates of the total effects. It is not possible to test the strength of the instruments to jointly predict both of the exposures for the two-sample analysis. However, the Sanderson-Windmeijer tests of the strength of the instruments in the single sample analysis is likely to provide a lower bound of their strength.

![The direct effects of SD changes in years of education and intelligence on later outcomes in UK Biobank.\
The error bars indicate 95% confidence intervals around the estimated effects. Estimated using two sample multivariable Mendelian randomization. Higher intelligence had direct effects on higher household income and alcohol consumption and less moderate and vigorous physical activity. Higher education had direct effects on decreased smoking, BMI, and sedentary behaviour and increased household income and rates of vigorous physical activity. These are estimates of the direct effects of intelligence (education) that are not mediated via education (intelligence).](elife-43990-fig4){#fig4}

The direct effects of intelligence {#s2-4}
----------------------------------

In the two-sample analysis the estimates of the direct effects of intelligence were attenuated compared to the total effects. As seen ([Figure 4](#fig4){ref-type="fig"} and [Supplementary file 1 - Figure 3](#supp1){ref-type="supplementary-material"}), a one SD increase in intelligence score increased the probability of a household income above £18,000 and £52,000 by 5.2pp (95% CI: 1.5 to 8.9, p-value=0.007) and 4.7pp (95% CI: 0.8 to 8.6, p-value=0.02) respectively. A SD increase in intelligence score increased alcohol consumption by 0.19 (95%CI: 0.06 to 0.32, p-value=0.005 on a five-unit Likert scale). A SD increase in intelligence score decreased rates of vigorous and moderate physical activity by 0.34 (95%CI: 19.6 to 49.1, p-value=8.2 × 10^−06^) and 0.31 (95%CI: 0.12 to 0.50, p-value=1.9 × 10^−03^) days per week.

The direct effects of education {#s2-5}
-------------------------------

The direct effects of education that were attenuated compared to the total effects. A one SD increase in education increased the probability of having higher income across the entire income distribution. The direct effects of education on household income on the risk difference scale were between 2.0 and 6.6 times as large as the direct effects of intelligence. A SD increase in education resulted in a 1.00 kg/m^2^ (95% CI: 0.06 to 1.93, p-value=0.04) decrease in BMI, which was larger than the direct effects of intelligence. The direct effects of education on alcohol consumption were similar to intelligence: an increase of 0.21 (95%CI: 0.01 to 0.41, p-value=0.04). Each SD increase in education reduced television consumption by 46.7 min per day (95% CI: 33.6 to 59.8, p-value=1.8 × 10^−11^) and increased vigorous physical activity by 0.31 days per week (95% CI: 0.09 to 0.54, p-value=0.007).

Sensitivity analysis {#s2-6}
--------------------

### Individual-level allele score approach {#s2-6-1}

We conducted a sensitivity analysis using individual-level data from the UK Biobank in the sample of 93,135 participants who took the verbal-numeric reasoning test who were not in the interim release. We identified 16 independent SNPs that were associated with intelligence in the [@bib57] GWAS, which used only the interim release of the UK Biobank. We selected SNPs associated with education using the discovery sample of [@bib48], which did not use UK Biobank. This approach ensured that we had no sample overlap. We used fewer SNPs for intelligence, and the effects of these SNPs were less precisely estimated; therefore, the SNPs explained less of the variance in intelligence and education than in the primary two-sample analysis ([Supplementary file 1 - Table 4](#supp1){ref-type="supplementary-material"}). As a result, the standard errors for the effects of intelligence and education were between 1.87 and 5.09 times as large as for the two-sample analysis. The effects were similar in magnitude to the two-sample analysis. There was little evidence of substantial direct effects of intelligence on any outcome except negative effects on moderate and vigorous physical activity. In addition to the effects detected in the two-sample analysis, we found evidence of direct effects of education on risk of stroke, ever and current smoking, height and moderate physical activity. Hausman-Durbin-Wu tests suggested substantial evidence of heterogeneity between the instrumental variable and the ordinary least squares estimates ([@bib34]).

We repeated the individual level analysis with 486 independent SNPs associated with educational attainment by Lee et al. and the Sniekers et al. intelligence score. Sniekers et al. used 55,000 samples from the UK Biobank. Therefore, these samples overlap, so may be affected by weak instrument bias. We constructed unweighted scores which will reduce the risk of weak instrument bias which can potentially affect weighted allele score analyses with overlapping samples ([@bib8]). The results are in [Supplementary file 1 - Table 5](#supp1){ref-type="supplementary-material"}. The results were between 50.0% and 70.9% more precise than the single sample results using the Sniekers et al. score. They had larger values of the Sanderson-Windmeijer F-statistics. Overall, these results were consistent in direction with the primary analysis.

We investigated whether the genetic variants associate with age at baseline. Without adjustment a one standard deviation increases in the Sniekers et al. and Okbay et al. scores were associated with 0.05 (95%CI: 0.0012 to 0.098, p-value=0.044) and 0.058 (95%CI: 0.020 to 0.096 p-value=0.003) increases in age in years at baseline. After adjustment for sex and the principal components these differences fell to 0.041 (95%CI: −0.007 to 0.089, p-value=0.095) and. 0580 (95%CI: −0.0195 to 0.096 p-value=0.003) respectively. We found little evidence that the results were affected by including a broader set of covariates ([Supplementary file 1 - Figure 5](#supp1){ref-type="supplementary-material"}). Finally, we used bias component plots to investigate the relative bias in the multivariable adjusted and instrumental variable analysis ([@bib17]). This approach compares the omitted variable bias that occurs if a specific measured covariate is omitted from the multivariable adjusted and instrumental variable regression. We found some evidence that the scores, particularly the education score, associated with longitude and latitude of place of birth and distance from London ([Supplementary file 1 - Figure 6 and 7](#supp1){ref-type="supplementary-material"}). We investigated whether the single sample results were due to dynastic effects or assortative mating using a sample of siblings and including a family fixed effect. There was little evidence that these results differed from the bivariate two-sample Mendelian randomization ([Supplementary file 1](#supp1){ref-type="supplementary-material"} - Table 7). However, the sample of siblings was relatively small, and these results may be due to lack of power. Overall this suggests that while the there is some evidence that the scores associate with covariates, there is little evidence from these sensitivity analyses that these violations of the Mendelian randomization assumptions affects our results.

Discussion {#s3}
==========

Education and intelligence are strongly phenotypically and genetically correlated and are associated with many outcomes across the life course. However, the direction of causation underlying these relationships is not clear, and nor is the direction of association between intelligence and education. In this study, we used univariate and multivariable Mendelian randomization to estimate the total and direct effects of both years of education and intelligence on health and social outcomes. We used SNPs associated with intelligence or education, or both, at p\<5 × 10^−08^ to estimate the total and direct effects on a range of outcomes. The estimated total effects of intelligence indicate the overall effects including effects of intelligence mediated via education. The estimated total effects of education indicate the overall effects of education including the effects mediated via intelligence. Whereas the direct effects of intelligence are those that are not mediated via education, and the direct effects of education are those that are not mediated via intelligence. Multivariable Mendelian randomization does not overcome bias due to other pleiotropic effects by pathways other than intelligence or education. Both intelligence and educational attainment had beneficial total effects on most outcomes (the exception being alcohol consumption). Intelligence had positive direct effects on income and alcohol consumption, and negative direct effects on moderate and vigorous physical activity. Education had positive direct effects on household income, BMI, alcohol consumption, and rates of vigorous physical activity, and negative direct effects on sedentary behaviour. These estimates suggest that both intelligence and education affect a range of socioeconomic and health-related outcomes. Many of the direct effects for both traits were substantially attenuated compared to the total effects. For example, the direct effects of intelligence on income were 54% to 89% smaller than the total effect. The direct effects of education were 27% to 38% smaller than the total effects.

Previous studies have demonstrated that both intelligence and education positively associate with health and longevity ([@bib40]; [@bib3]; [@bib30]; [@bib50]; [@bib13]). A systematic review of cohort studies found people who had a one standard deviation higher childhood intelligence had 24% (95%CI: 23% to 25%) lower mortality across between 17 and 69 years of follow-up ([@bib9]). In contrast, using molecular genetic data we found little evidence of a large effect of intelligence on mortality. This inconsistency may be because this sample of the UK Biobank was only followed-up for an average of 7.8 years, limiting our power to detect an effect on a relatively rare outcome (\<2%), or because of selection bias. A large literature has investigated the associations of education and mortality and morbidity. For example, [@bib28] reviewed studies which had used RCTs and natural experiments to estimate the effect of education on mortality, obesity and smoking ([@bib28]). They found that estimates of the effect of educational attainment were heterogenous. Our results suggest that education has a larger direct effect on ever or current smoking. We found some evidence of a direct effect of education, but not intelligence, on BMI. The difference between our study and the studies reviewed in Galama et al. may be that we used a continuous rather than binary measure of adiposity. However, we still found evidence that education affected rates of overweight (67% prevalence) and obesity (24% prevalence) using the individual participant data analysis reported in [Supplementary file 1 - Figure 4](#supp1){ref-type="supplementary-material"}. [@bib29] reviewed the effect of 18 school reforms across Europe on mortality ([@bib29]). They estimated that an additional year of schooling reduced male mortality over 20 and 30 years by 1.7% (95%CI: 0.2% to 3.2%) and 3.9% (95%CI: 1.8% to 6.0%). They report weak evidence that the effects on female mortality were smaller (0.9%, 95% CI: −1.2 to 2.9% and 1.8%, 95% CI: −0.1 to 3.6% reductions at 20 and 30 years respectively, p-value for difference by gender = 0.27 and 0.07). [@bib31] systematically reviewed the literature using quasi-experimental methods to estimate the effects of education. They included 89 studies, and found that education had small beneficial effects on mortality, smoking and obesity ([@bib31]). Our results using genetic data for mortality were imprecise as the number of deaths to date has been relatively low. Over time as the number of deaths increase there will be more precision to investigate this hypothesis in the UK Biobank.

Researchers using univariable Mendelian randomization have found that education generally reduces risk of a range of outcomes ([@bib59]). Larson et al. used two-sample Mendelian randomization and found that higher educational attainment reduced the risk of Alzheimer's disease. ([@bib44]) Potential explanations for these apparent protective effects of education on later health outcomes are: that they were due to (1) vertically pleiotropic effects of SNPs via intelligence and subsequently education ([Figure 1a](#fig1){ref-type="fig"}), (2) horizontally pleiotropic effects of the SNPs via intelligence ([Figure 1b](#fig1){ref-type="fig"}), and (3) confounding pleiotropic effects of the SNPs where the SNPs affect intelligence and education, but only intelligence affects the outcomes ([Figure 1c](#fig1){ref-type="fig"}). The total effects of intelligence and education on income had a similar direction. There was evidence of a total effect of education, but little evidence of a total effect of intelligence on many measures of morbidity and mortality and BMI ([Supplementary file 1 - Table 3](#supp1){ref-type="supplementary-material"}). The direct effects of education and intelligence, estimated by multivariable Mendelian randomization, were smaller than the total effects. The direct effects of intelligence were generally smaller than the direct effects of education ([Figure 4](#fig4){ref-type="fig"}). One explanation for this is that the SNPs have vertically pleiotropic effects via intelligence and education on the outcomes. The non-zero direct effects of education suggest that the effects of education estimated by univariable Mendelian randomization are unlikely to entirely be due to horizontally pleiotropic (direct) effects on the outcomes via intelligence. In another study, we used multivariable Mendelian randomization to estimate the direct effects of intelligence and educational attainment on Alzheimer's disease. The relationships between intelligence and education and Alzheimer's disease was largely due to an effect of intelligence ([@bib1]).

As with all analytic methods, inferences using multivariable Mendelian randomization depend on assumptions. Specifically: (1) the SNPs associate with intelligence even after conditioning on education and vice versa, (2) there are no confounders of the SNP-outcome associations, and (3) intelligence and/or education mediate all of the effects of the SNPs on the outcome (i.e. no horizontal pleiotropy mediated via factors other than intelligence or education). The first assumption is stronger than required for univariable Mendelian randomization ([@bib52]). In the single sample setting, this can be tested using the Sanderson-Windmeijer test ([@bib54]). The SNPs exceed the critical values for this test for each exposure ([Supplementary file 1 - Table 4](#supp1){ref-type="supplementary-material"}) and the results are unlikely to suffer from weak instrument bias. It is not possible to prove the second assumption (independence) holds, because some confounders may be unmeasured or remain unknown.

This study investigated one of the most likely horizontally pleiotropic mechanisms in a univariable Mendelian randomization analysis of the effect of education on outcomes later in life: intelligence. SNPs which associate with intelligence in GWAS also strongly associate with education ([@bib48]). Indeed it would be surprising if there were SNPs that associated with intelligence that did not influence education. However, are these associations due to horizontal or vertical pleiotropy? Vertical pleiotropy would imply that the SNPs' effects on the outcomes are via an effect on intelligence and subsequently education. Horizontal pleiotropy would mean that the SNPs have direct effects on the outcomes via intelligence which are not mediated via an effect on education ([Figure 2](#fig2){ref-type="fig"}). Multivariable Mendelian randomization estimates of the direct effects of intelligence and education on the outcomes. Thus, they allow for any horizontal or vertical pleiotropic effects via intelligence or education. The estimated direct effects of intelligence on smoking, household income, BMI, alcohol consumption and sedentary behaviour were substantially attenuated compared to the total effects ([Supplementary file 1 - Figure 3](#supp1){ref-type="supplementary-material"}). This attenuation suggests that a substantial fraction of the total effects of intelligence on the outcomes were mediated via education.

What are the policy implications of these results? Economists and policymakers have been interested in the consequences of education for outcomes later in life. The length of education has increased in many countries around the world. If education affects later health and social outcomes, then this may result in improvements in public health. Our results suggest that education is likely to affect health, although these effects are smaller than indicated by a naïve Mendelian randomization analysis that assumes the SNPs have no horizontally pleiotropic effects via intelligence. Each additional year of education (0.19 SD in UK Biobank) would result in a 2.0pp, 3.1pp, 2.4pp, 1.0pp increase in probability of having household income above £18 k, £31 k, £52 k and £100 k respectively, a 0.04 units increase in alcohol consumption (on a 1 to 5 Likert scale), 8.87 fewer minutes of sedentary behaviour per day, and 0.06 more days vigorous activity per week.

Limitations {#s3-1}
-----------

A potential source of bias in Mendelian randomization studies is sample overlap. If the same sample is used to detect the SNPs used as instruments as is used in Mendelian randomization the results can be biased towards the observed exposure-outcome association ([@bib8]). We minimised the possibility of this bias by restricting our main results to two entirely non-overlapping samples (see methods and supplementary materials). We used a restricted set of SNPs for intelligence detected without using UK Biobank data as a sensitivity analysis using individual-level data. The results from both approaches were consistent. Pleiotropy could explain our results if the SNPs we used as instruments directly affect the outcome through mechanisms other than intelligence and education, e.g. personality. However, a systematic review of studies investigating the effects of non-cognitive skills on academic and health outcomes later in childhood found evidence of modest effects on academic outcomes, and very few estimates of their associations with health outcomes later in life ([@bib56]). Furthermore, the published estimates were consistent with substantial small study and publication bias.

The measure of intelligence in UK Biobank is relatively crude: a 13 item verbal-numeric reasoning test. In a multivariable adjusted phenotypic analysis, this would cause measurement error on the exposure and attenuation of the coefficient on intelligence. However, Mendelian randomization is implemented here as a form of instrumental variable analysis, and therefore is less likely to be affected by measurement error on the exposures than conventional analyses ([@bib55]). Both intelligence and educational attainment had similar values of the Sanderson-Windmeijer F-statistic.

The intelligence GWAS we used to identify SNPs associated with intelligence was conducted in older adults. Intelligence is relatively stable across the life-course. For example, [@bib22] found that scores on the Moray House Test (a mental ability test) taken at age 11 and around age 77 were correlated (r = 0.66) ([@bib22]). On average, SNPs associated with intelligence in adults had similar effects on intelligence in children (r~g~ = 0.71) ([@bib38]). As a result our estimates of the effects of intelligence will partially reflect the effects of adult intelligence on the outcomes. Non-genetic quasi-experimental evidence suggests that length of schooling affects adult intelligence ([@bib51]). If adult intelligence affects the outcomes, then the estimated direct effect of education would be attenuated by any direct effects of education on the outcomes mediated via adult intelligence. Thus, our estimates of the direct effects of intelligence may be overestimates because they also include effects of adult intelligence. The effects of childhood intelligence could be estimated using SNPs identified in a GWAS of intelligence in children. However, currently available GWAS of childhood intelligence are considerably smaller than those available for adult intelligence.

Mendelian randomization studies using samples of unrelated individuals can be biased by bias due to population stratification and difference in ancestry across variants and selection and participation bias ([@bib35]; [@bib58]). We investigated this by adjusting for additional covariates, and bias component plots ([@bib17]). These analyses suggested that while the genetic scores for intelligence and education associate with some measures of early life experience and place of birth, the bias induced in our estimates may be limited.

Another potential explanation for these results is dynastic effects which occur if parents' intelligence or education directly affects their offspring's outcomes. SNPs associated with education in GWAS also associate with parental education. Non-inherited parental alleles at these loci also associate with offspring's outcomes via their expression in parental phenotypes ([@bib43]). Furthermore, substantial fractions of the GREML-SNP estimates of the heritability of education may be due to indirect effects of parents ([@bib62]). Thus, our estimates of the effect of intelligence and education are likely to attribute these parental effects to the offspring's characteristics. Similarly, parents do not mate randomly and assort on educational attainment. The associations of non-inherited alleles of SNPs known to associate with education provide evidence about the size of these effects. The association of offspring outcomes and the non-transmitted polygenic score for education was 31% and 29% of the size of the association of the transmitted scores from fathers and mothers respectively. Similarly, the size of the association of the non-transmitted education polygenic score with a broad measure of health outcomes was 37% and 42% of the transmitted score for fathers and mothers respectively. These results suggest that some of the effects we report could be due to assortative mating, dynastic (genetic nurture) effects, which can cause bias in Mendelian randomization studies ([@bib33]). We investigated this using the siblings in UK Biobank, but our results were underpowered. Future studies should investigate this further using within-family studies with larger samples ([@bib45]; [@bib26]; [@bib61]; [@bib6]).

The effects we report may be specific to the time-period that the UK Biobank participants have lived through. For example, we find evidence of effects on smoking rates, particularly in single sample analysis. However, smoking rates have declined since the 1960s, 1970s, and 1980s, when the UK Biobank participants left school. Changes to education policies today, such as recent changes in the United Kingdom to mandate education, or part-time training and apprenticeships up to the age of 18, may not have the same impact as we report ([@bib60]). The UK Biobank is more educated than the general population, which could cause selection bias. However, we have previously shown that reweighting the sample to account for the under sampling of less educated people did little to affect the Mendelian randomization results ([@bib19]).

We have only investigated the effect of intelligence and education on a limited number of outcomes reported in UK Biobank. There are differences in morbidity and mortality by intelligence and education for a wide range of disease outcomes, and the conclusions we report here, that the direct effects of education are bigger than intelligence may not hold for other outcomes. Future studies should apply multivariable Mendelian randomization to summary data on outcomes to investigate this hypothesis as efficiently as possible ([@bib42]; [@bib2]; [@bib49]). Multivariable Mendelian randomization is a flexible approach for estimating and evaluating possible pleiotropic pathways. Future studies could exploit these methods to elucidate the mechanisms that mediate the effects of intelligence and education on outcomes later in life.

In summary, we found evidence from genetic association studies that both intelligence and education might affect health and social outcomes later in life. The direct effects for education are larger than for intelligence, suggesting that much of the effect of intelligence on outcomes later in life may be mediated via the effect of intelligence on education.

Materials and methods {#s4}
=====================

Sample selection and sample overlap {#s4-1}
-----------------------------------

The UK Biobank is a cohort study that recruited 503,317 people aged between 38 and 73 years old between 2006 and 2010 in 21 study centres across the UK. See [Supplementary file 1 - Figure 1](#supp1){ref-type="supplementary-material"} for an illustration of the inclusions and exclusion of samples into the study. UK Biobank received ethical approval from the Research Ethics Committee (REC reference for UK Biobank is 11/NW/0382).

Mendelian randomization estimates can be affected by weak instrument bias if overlapping samples are used to select SNPs associated with the exposures (intelligence and education) and the outcomes ([@bib8]). To minimise risk of this bias we estimated the SNP-outcome associations using a sample that excluded any participants who were included in the GWAS used to select the SNPs. The bivariate analysis estimated the SNP-outcome associations using participants that were not included in the intelligence GWAS reported by [@bib40] or the education GWAS reported by [@bib48]. This excludes participants who took the verbal-numeric reasoning test or were in the UK Biobank interim release. Therefore, we used the remaining 124,661 participants to estimate the association between the SNPs and the outcomes of interest in the two-sample analysis.

For the single sample analysis (more details below), we constructed weighted allele scores for intelligence and education using the Sniekers GWAS which only included the UK Biobank interim release and the Okbay discovery sample ([@bib57]). These GWAS are smaller than Hill GWAS, so detected fewer SNPs associated with intelligence at p-value\<5 × 10^−08^. This fact means that the analyses using these SNPs are less precise than the two-sample analysis used in the primary analysis. We used 77,882 participants who took the verbal-numeric reasoning test but were not included in the interim release. However, because the single sample analysis was restricted to individuals with the verbal-numeric reasoning scores, we can test whether the intelligence and education genetic scores sufficiently associate with intelligence and education. We used the Sanderson-Windmeijer F-test to test whether the polygenic scores explained sufficient variation in intelligence (education) conditional on education (intelligence).

### UK biobank sample selection {#s4-1-1}

Over 9.2 million people were invited to take part. Of these, just over half a million people attended a study clinic and consented to take part in the study. These individuals provided blood samples and were genotyped. Full details of the genotyping are provided elsewhere ([@bib27]). Of these, we excluded individuals who were related or were not white British ethnicity as indicated by genetic ancestry. This definition is relatively conservative, but it helps minimise the risk of bias due to population stratification. We further restricted the sample to individuals born in England to ensure that they experienced a similar education system. The two-sample analysis estimates the associations of the outcomes and the SNPs identified in Hill et al. and Okbay et al. using participants who did not take the verbal-numeric reasoning test. The single sample analysis estimates the effects of intelligence and education using allele scores defined using by the Okbay et al. and Sniekers et al. SNPs using participants who took the verbal-numeric reasoning test but were not in the UK Biobank interim release. Therefore, there is no overlap between the samples used to estimate the SNP-exposure associations and SNP-outcome associations.

Phenotype definition {#s4-2}
--------------------

We used a broad measure of depression that the participant had seen a GP for nerves, anxiety, tension, or depression (ID:2090) at either the initial assessment centre visit or any repeat assessment centre visit, or a HES record indicating depression as a primary or secondary reason for admission (ID: 41202, 41204 and ICD-10 = F32, F33, F34, F38, F39) ([@bib41]). The only participants who had measures of arterial stiffness were those who took the verbal-numeric reasoning test, therefore we excluded this outcome. More details of the phenotype definitions are provided elsewhere ([@bib20]).

We defined educational attainment using the same algorithm as the educational attainment GWAS ([@bib48]). Educational attainment was coded using the answer to touch-screen questions about qualifications. We assigned participants to their highest level of education reported at either assessment centre visit. Those with degrees were assigned to 20 years of education; NVQs, HND or HNC qualification were assigned to 19 years of education; other professional qualifications were assigned to 15 years; A-levels or AS levels were assigned to 13 years; GSCEs, O-levels or CSEs were assigned 10 years of education; and none of the above were assigned to 7 years. Previous studies have found that using self-reported age had little impact on estimates of the effect of education ([@bib53]). We dropped individuals who stated prefer not to say or did not have a value for this question from the analysis. This measure of educational attainment was standardised to mean zero and variance one.

We defined intelligence using the 'verbal-numeric reasoning' score from the test taken at the baseline assessment centre visits. We replaced missing values of this test for the initial assessment centre visit with values taken at first repeat assessment visit (N = 15,404). The participants answered 13 logic questions within two minutes. We standardised this variable to mean zero and variance one.

Covariates {#s4-3}
----------

All analyses included 40 principal components of genetic variation, sex, age, year and month of birth, and an interaction of month and year of birth and sex.

Genotype quality control and selection {#s4-4}
--------------------------------------

Full details of our genotype quality control pipeline are described elsewhere ([@bib47]). In brief, we excluded participants who had mismatching sex, those with non XX or XY sex chromosomes, extreme heterozygosity or missingness. We limited the analysis to 11,554,957 SNPs on the HRC panel, of which we further limited to the 7,303,122 SNPs which were available in both the Hill and Okbay GWAS. We selected independent SNPs (r^2^ \<0.01 within 10,000 kb) that were associated with either intelligence or education at p\<5 × 10^−08^. Where there was more than one SNP in a region that associated with the trait at p\<5 × 10^−08^ we selected the SNP with the lowest p-value. We then took the combined list of SNPs associated with either intelligence or education and repeated this process of clumping and selecting the SNP with the lowest p-value in the Okbay GWAS to create a list of SNPs for both traits that were in linkage equilibrium. See [Supplementary file 1 - Figure 2](#supp1){ref-type="supplementary-material"} for flowchart.

Bidirectional effects of intelligence and education {#s4-5}
---------------------------------------------------

We used bi-directional Mendelian randomization to investigate the direction of causation between intelligence and education. We estimated the effect of intelligence on education using the 181 lead SNPs from Hill et al. and data on educational attainment from participants of the UK Biobank who did not take the verbal-numeric reasoning test and were not in the interim release ([@bib40]). These individuals were not included in the Hill et al. GWAS. We estimated the effects of education on intelligence using the 75 SNPs reported in the [@bib48] discovery sample and samples with intelligence measures from UK Biobank. These samples do not overlap. We estimated the effects using two-sample summary data Mendelian randomization. The primary analysis used inverse variance weighted estimators. As sensitivity analyses, we used MR-Egger, weighted median, and weighted mode estimators to investigate whether pleiotropy biased the IVW estimates ([@bib4]; [@bib32]; [@bib5]). We adjusted all the summary estimates for month and year of birth, sex, interactions of month and year of birth and sex and 40 principal components of genetic variation. We report estimates of the instrument strength and heterogeneity of the instrument-exposure association and the estimated effect of each of the exposures on the social and health outcomes across different SNPs.

Univariable analysis {#s4-6}
--------------------

We estimated the total effect of intelligence and education on each of the health and social outcomes using univariable Mendelian randomization. We used 181 SNPs from [@bib39] and 75 SNPs from the discovery sample of [@bib48] as instruments for intelligence and education respectively. Our primary analysis used IVW estimators which assume no directional pleiotropy. These estimates ignore possible pleiotropic or mediated effects via the other exposure: education and intelligence. We estimated the effect of each of the phenotypes using methods that were robust to other forms of pleiotropy using MR-Egger, weighted median and weighted mode estimators ([@bib4]; [@bib32]; [@bib5]). These can obtain consistent estimates of the causal effect if the pleiotropic effects are independent of the effects on the exposure, or if the majority or most frequent variants are not pleiotropic.

Multivariable Mendelian randomization analysis {#s4-7}
----------------------------------------------

We used multivariable Mendelian randomization to estimate the direct effects of intelligence and education on each of the health and social outcomes. This method has been described in detail elsewhere ([@bib52]). In brief, this method is based on standard instrumental variable methods which allow for multiple exposures. Each exposure must be sufficiently explained by the set of instruments have an instrument that explains a sufficient proportion of the variation in the exposure, conditional on the other exposure. In the single sample, the SNPs can be correlated with each other (i.e. in linkage disequilibrium) and in the single or two sample case can also correlate with more than one exposure. The strength of association of the proposed instruments and the exposure can be tested using Sanderson-Windmeijer tests ([@bib54]). As described elsewhere it is possible to use these methods with summary data from two separate samples to estimate the SNP-exposure and SNP-outcome associations. The two-sample approach allows us to efficiently combine information from multiple studies, not all of which have measured intelligence, education and the outcomes ([@bib49]). Hence we can integrate more data and have more precise estimates. We estimated the multivariable effects of intelligence and education using linear regression weighted for by one over the standard error of the SNP-outcome association.

Sensitivity analyses {#s4-8}
--------------------

We conducted a series of sensitivity analyses to investigate how sensitive our results were to the methods we used.

### Individual level allele score approach {#s4-8-1}

We investigated the sensitivity of our results by applying an individual allele score approach using individual participant data in the UK Biobank. We constructed two allele scores for intelligence using 16 SNPs from Sniekers et al. (that only used UK Biobank interim release data), and 75 SNPs from Okbay et al. (that did not use UK Biobank) and estimated the effect of intelligence and education using the Stata command ivreg2. The standard errors allow for clustering by month of birth. This method estimates the association of the allele scores and education in UK Biobank. Therefore, this method does not assume that the SNPs have the same effects on intelligence and education in different samples.

### Alternative clumping methods {#s4-8-2}

In the primary analysis, we clumped the data by selecting and clumping SNPs using the lowest p-value reported in Okbay et al. This may mean that the instruments for education are stronger than the instruments for intelligence. We investigated this by selecting and clumping using the p-values from Hill et al.

### Larger education GWAS containing UKBB {#s4-8-3}

[@bib46] published a large GWAS of educational attainment using data from up to 1.1 million individuals. In principle, this could provide more power and precision for our analysis. However, this GWAS used the entire sample from the UK Biobank, and so largely overlaps with the sample we used to estimate the SNP-outcome association. As a result, estimates using the Lee et al. GWAS are likely to suffer from weak instrument bias. We used 181 SNPs from Hill et al. and 486 SNPs from Lee et al. to estimate the multivariable Mendelian randomization using the summary methods described above. As expected, the results using the Lee et al. SNPs were more precise and attenuated towards the observational estimates.

### Investigating bias {#s4-8-4}

We used covariate balance plots to investigate whether the bias from excluding a limited set of covariates would result in more bias in the multivariable adjusted or instrumental variable analysis ([@bib17]). These tests compare the size of the associations of the exposure and the instrument with the covariates. We cannot directly compare the exposure-covariate to instrument-covariate association because a given size of association will result in a much larger bias in the instrumental variable estimator. Therefore, covariate balance tests account for the strength of the instrument in effect by estimating the ratio of the instrument-covariate and instrument-exposure associations (e.g. via a Wald estimator). This analysis results in two estimates called bias terms, an estimate of the bias if the covariate was excluded from a linear regression analysis and the equivalent bias term for if the covariate was omitted from the instrumental variable analysis. We calculate confidence intervals around both bias terms to indicate uncertainty. We plot the two associations on a forest plot allowing easy comparison of the bias terms. We assessed bias across a limited set of covariates that indicate early life environment, including measures of geography, birth weight, having been breast fed, had a mother who smoked in pregnancy, comparative body size and height age 10, whether parents where alive, and number of siblings. We investigated whether including these additional variables as covariates in the individual level single sample analysis affected the results. Finally, we investigated whether the results were due to the family environment by including a family fixed effect in the sample of siblings from the UK Biobank.

Data and code availability {#s4-9}
--------------------------

The cleaned analysis dataset will be uploaded to the UK Biobank archive. Please contact [access\@ukbiobank.ac.uk](http://amsportal.ukbiobank.ac.uk/) for further information. The analytic scripts used to clean the data and produce the results are available on GitHub ([@bib21]; copy archived at <https://github.com/elifesciences-publications/ukbiobank-intell-vs-ea>).
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In the interests of transparency, eLife includes the editorial decision letter and accompanying author responses. A lightly edited version of the letter sent to the authors after peer review is shown, indicating the most substantive concerns; minor comments are not usually included.

Thank you for submitting your article \"The effects of intelligence and education on health, a bidirectional two-sample Mendelian randomization analysis\" for consideration by *eLife*. Your article has been reviewed by two peer reviewers, and the evaluation has been overseen by a Reviewing Editor and Eduardo Franco as the Senior Editor. The following individual involved in review of your submission has agreed to reveal his identity: Stephen Burgess (Reviewer \#1).

The reviewers have discussed the reviews with one another and the Reviewing Editor has drafted this decision to help you prepare a revised submission.

Summary:

This paper consists of a series of Mendelian Randomization (MR) studies related to intelligence, education, and later-life outcomes attempting to disentangle the complicated relationship between them. The analyses included in this study appear to be comprehensive, using many of the latest tools that have been developed. The choice of methods is generally appropriate, and the presentation of results is clear and measured. This work is interesting, and a great example of the potential of the multivariable MR approach to disentangle the effects of related risk factors. However, we have major concerns regarding the extensive use of causal language as there is some evidence that the key assumptions of MR may not hold in this application.

Essential revisions:

1\) It is appreciated that the authors include the assumptions required for univariate and multivariate MR and the discussion of the limitations. However, the discussion of these assumptions and limitations need to be more complete and more central in the paper. MR analyses live or die to the degree that they satisfy the assumptions of the method. When this entire discussion is added to a section at the very end of the paper, it makes it very difficult as a reader to assess the credibility of the evidence being presented. Some further formal evaluation of whether assumptions hold could be presented. If the genetic risk score is as associated with confounders (notably socio-economic) as education itself, then the benefit of MR is less clear. (Note some association with confounders is expected, as education itself will influence socio-economic variables somewhat.) Perhaps a comparison with parental socio-economics would be helpful here -- genetic variants should be less associated with parental socio-economics (if the MR assumptions are satisfied).

2\) Related to the above point, the causal language throughout the paper is too strong. For example, in the limitations section, the authors acknowledge that dynastic effects and assortative mating could be driving \"some of the effects \[they\] report.\" Indeed, the data is consistent with a model where the nurturing environment affects health but where education and intelligence have no effect at all. Despite this, there is unqualified causal language in the title, Abstract and throughout the manuscript. This should all be greatly softened.

3\) Intelligence and education are difficult to define and measure -- particularly intelligence. This is an intrinsic concern of any research involving intelligence, but it is particularly relevant for research that makes causal inferences and public policy recommendations (as per the final line of the Abstract). What would it look like to increase intelligence? What aspect of intelligence would we increase? There is also a methodological concern here -- while the multivariable Mendelian randomization analyses are important for understanding questions of aetiology, the univariable Mendelian randomization analyses are more important for understanding the impact of public health interventions. As most interventions to increase intelligence would do so via education. Hence the total effects of intervention on intelligence and education should be as important as the direct effects. We would therefore encourage a co-equal presentation of these results.

4\) The reviewers raised concerns about the use of multivariable Mendelian randomization for two variables that are so highly correlated. This is alleviated by the reasonably healthy Sanderson-Windmeijer F statistics, but particularly when the direct effects are in opposite directions (as for several examples in Figure 4 in Supplementary file 1), we worry slightly that this is just an artifact of including two highly correlated predictors in a regression model -- due to chance variation, one will end up with a positive estimate and the other with a negative estimate. Having said that, it is reassuring that this pattern doesn\'t hold for all the outcomes. What is the correlation between genetic associations with education and genetic associations with intelligence?

5\) Measurement error -- while you are correct that standard univariable Mendelian randomization is not particularly influenced by measurement error, the same is not necessarily true for multivariable Mendelian randomization. As this is based on multivariable regression, it is possible for measurement error in genetic association estimates to lead to bias in any direction. It may be the case that the expected bias is low, but we are not aware of any theoretical or simulation work on this topic.

6\) While we understand removing participants in the interim release for the analysis of genetic associations with intelligence/education, these participants could be included in analyses for other outcomes. We understand if you prefer to keep a consistent sample definition for comparability, but you may get improvement in power by using a wider sample for the gene-outcome associations. As a side point, in Figure 1 in Supplementary file 1, could you make clear where the two samples come from in the two-sample analyses? Currently there is only one box, but logically we\'d expect there should be two.

7\) It was difficult to identify the exact procedures followed in the paper at times. This was especially the case when they describe what data are used and which summary statistics are used. For example, the authors state, \"The characteristics of 124,661 participants of UK Biobank who met our quality control and inclusion criteria for our primary analysis are described in Table 1.\" What is considered the \"primary analysis\" of this paper? The bidirectional EA vs. intelligence analysis, the univariate analysis, or the bivariate analyses? Or perhaps all three of them? Given that the authors also describe using published GWAS results, it is not clear how these UK Biobank participants are used. Just for the outcome phenotypes? Additionally, the descriptions of the Sanderson-Windmeijer test and the clumping procedure is ambiguous and hard to follow.

\[Editors\' note: further revisions were requested prior to acceptance, as described below.\]

Thank you for resubmitting your work entitled \"Intelligence, education and health, evidence from bidirectional two-sample Mendelian randomization\" for further consideration at *eLife*. Your revised article has been favorably evaluated by Eduardo Franco as the Senior Editor, M Dawn Teare as the Reviewing Editor, and two reviewers.

The manuscript has been improved but there are some remaining issues that need to be addressed in a new revision round before acceptance, as outlined below:

The evidence that the IV assumptions may have been violated is rather underplayed and this needs to be more firmly acknowledged and stated within this manuscript either in the Discussion or in the limitations. One reviewer also highlights that measurement error can have an impact on Multivariable MR.

*Reviewer \#1:*

I\'m happy with how the authors have edited the paper. While the paper relies on assumptions, these are clearly laid out and considerable effort has been made to assess the assumptions.

*Reviewer \#2:*

I appreciate the authors\' substantial revisions in response to comments of the reviewers. The specific steps that were taken by the researchers is much more clear. I also appreciate the new analyses to test the assumptions of the method. I still have two substantive concerns, however.

1\) While the authors describe the limitations of the methods they employ, they give a much more rosy interpretation of their sensitivity results than I think is merited. The two well-powered pieces of evidence the authors present related to the validity of the MR assumptions are the published studies on indirect effects of parents and the evidence that the polygenic scores are strongly associated with covariates related to childhood environment. Despite this, the authors make conclusions like \"the impact of these associations on the final results may be small\" and that \"Assumption 2 \[no confounders\] is plausible because of the random inheritance of alleles at conception\". My conclusion upon reading the analyses is that the assumptions of MR probably don\'t hold in this case and that the bias is potentially substantial. Do the authors disagree? If so, the authors should provide evidence for why they think this is the case or what evidence they have that the bias induced by violations of this assumptions is negligible. Otherwise, the authors should use more conservative language throughout about their sensitivity analyses and should minimally include a line in the Abstract about how they find evidence that the MR assumptions may not hold in this case.

2\) I was not able to follow what was being done exactly based on the description of the bias component plots in the last paragraph of the subsection "Sensitivity analysis", subsection "Investigating bias" of the Materials and methods, and the figure legends for Figures 6 and 7 in Supplementary file 1. A description of the procedure for producing this plot should be clarified.

10.7554/eLife.43990.014

Author response

> Essential revisions:
>
> 1\) It is appreciated that the authors include the assumptions required for univariate and multivariate MR and the discussion of the limitations. However, the discussion of these assumptions and limitations need to be more complete and more central in the paper. MR analyses live or die to the degree that they satisfy the assumptions of the method. When this entire discussion is added to a section at the very end of the paper, it makes it very difficult as a reader to assess the credibility of the evidence being presented. Some further formal evaluation of whether assumptions hold could be presented. If the genetic risk score is as associated with confounders (notably socio-economic) as education itself, then the benefit of MR is less clear. (Note some association with confounders is expected, as education itself will influence socio-economic variables somewhat.) Perhaps a comparison with parental socio-economics would be helpful here -- genetic variants should be less associated with parental socio-economics (if the MR assumptions are satisfied).

The vast majority of the measures in the UK Biobank indicate phenotypes in later life -- there is very little information about early life conditions. For example, the UK Biobank did not include any measures of parental background. We have published quite extensively on the relationship between the education score and various confounders.

We investigated the association between the Sniekers (which is a subset of the Hill et al. data) and Okbay score and a limited number of covariates indicating the environment because we had very little power in the bivariate analysis and current bias assessment tools only allow for one exposure. The results of this analysis are shown in Supplementary file 1, Figures 6 and 7, for the Sniekers and Okbay scores respectively around the time of birth or early life using covariate balance plots.^1^ We had to use the Sniekers rather than the Hill because the latter used UK Biobank data from the full UK Biobank release, however it should be noted that the genetic correlation between the Hill et al. data and the Sniekers data is rg = 1 as shown in Figure 3 of Hill et al. We have focused on the univariate analysis. We describe the methodology behind the bias plots more completely in Davies et al., 2017.^1^ The bias plots estimate the relative bias caused by omitting a specific component from either the multivariable adjusted regression analysis or the instrumental variable Mendelian randomization analysis. These estimates adjust for the same set of covariates as the main analysis (PCs, sex, age, sex\*age interactions). They account for the fact that a given association with a covariate will result in a much bigger bias in an instrumental variable analysis because the instrumental variable analysis only uses a small proportion of the variation in the exposure. What the plots show is that there is some evidence that on average individuals born in the south of the United Kingdom, those born in less deprived areas, or those born closer to London have higher values of the Sniekers allele score. However, the bias estimates for Index of Multiple Deprivation (IMD) are very similar for both the score and the intelligence measure in UK Biobank. Participants whose mother did not smoke in pregnancy were likely to have higher values of the Sniekers allele score. There was little evidence of associations with the other covariates. This is fairly modest evidence of bias. The education score was associated with the measures of geography, there was evidence it associated with measures of early life experience, such as breastfeeding.

How should these plots be interpreted?

There were similar associations with number of siblings as with measured education. These plots indicate that the education score does associate with early life socioeconomic measures. However, the extent of bias caused by these associations is unclear. The total bias caused by any of these potential confounders is the product of the association of the covariate with the score and the association with the outcome. We can get an indication of the total bias induced in the effect estimates by running a sensitivity analysis adjusting for these variables. Note these variables have missing values, which reduces the overall sample size and power. We reran the individual participant data additionally adjusting for these covariates and present the results in Figure 5 in Supplementary file 1. As a result of the missing values there are fewer observations and wider confidence intervals. However, there are few detectable differences between these adjusted results and the results presented in Figure 5 in Supplementary file 1.

Another way to control for family background is to run an analysis using sibling fixed effects. This is equivalent to running a difference model within siblings. Any factors that are invariant across siblings, e.g. ancestry or shared familial environmental factors, will be controlled for. A disadvantage of this approach is that there are only 38,000 siblings in UK Biobank and controlling for a family fixed effects substantially reduces statistical power. We found little evidence that our estimates differed across these models. However, this may reflect limited statistical power. However, the vast majority of estimates were larger than the in the within family analysis than the univariate IVW analysis. Interestingly, the implausible estimated effect of education on height attenuated entirely to the null in these models, suggesting that an effect of education in the offspring is unlikely to be driving these results. The results of this analysis are shown in Table 1 in Supplementary file 1. However, this analysis is underpowered. Therefore, we ideally need more data to evaluate this issue. We are in the process developing a consortium of family studies to investigate this issue with a much larger sample of siblings and trios.

We have included a new paragraph in the Results describing this analysis:

"We investigated whether the genetic variants associate with age at baseline. Without adjustment a one standard deviation increases in the Sniekers et al. and Okbay et al. scores were associated with 0.05 (95%CI: 0.0012 to 0.098, p-value=0.044) and 0.058 (95%CI: 0.020 to 0.096 p-value= 0.003) increases in age in years at baseline. \[...\] Overall this suggests that while the there is some evidence that the scores associate with covariates, the impact of these associations on the final results may be small."

We have included a new paragraph in the Discussion covering these sensitivity analyses:

"Mendelian randomization studies using samples of unrelated individuals can be biased by bias due to population stratification and difference in ancestry across variants and selection and participation bias (Haworth et al., 2018; Taylor et al., 2018. \[...\] These analyses suggested that while the genetic scores for intelligence and education associate with some measures of early life experience and place of birth, the bias induced in our estimates may be limited."

We have included a new section in the Materials and methods describing this analysis:

"Investigating bias: We used covariate balance plots to investigate whether the bias from excluding a limited set of covariates would result in more bias in the multivariable adjusted or instrumental variable analysis.^1^\[...\] Finally, we investigated whether the results were due to the family environment by including a family fixed effect in the sample of siblings from the UK Biobank."

> 2\) Related to the above point, the causal language throughout the paper is too strong. For example, in the limitations section, the authors acknowledge that dynastic effects and assortative mating could be driving \"some of the effects \[they\] report.\" Indeed, the data is consistent with a model where the nurturing environment affects health but where education and intelligence have no effect at all. Despite this, there is unqualified causal language in the title, Abstract and throughout the manuscript. This should all be greatly softened.

The aim of our paper is to investigate the causal effects of intelligence and education on health outcomes. All Mendelian randomization estimates are dependent on assumptions, which we define in the Introduction. In the Discussion we describe possible sources of bias. However, throughout we refer to a) total effects and b) direct casual effects.

We have edited the manuscript as suggested. We have changed the title to: "Intelligence, education and health, a bidirectional two-sample Mendelian randomization analysis".

We have edited the Abstract to read:

"Intelligence and education are both predictive of better physical and mental health, socioeconomic position (SEP), and longevity. \[...\] If the assumptions of Mendelian randomization hold, these findings suggest a causal relationship with intelligence and education both being potential targets for interventions aimed at improving health outcomes."

In the Introduction we have revised the start of the second paragraph to read:

"Mendelian randomization is an approach that can provide evidence about the relative causal effects of intelligence and education on social and health outcomes under specific assumptions."

Throughout we have revised the manuscript to refer to estimated total effects and direct causal effects.

> 3\) Intelligence and education are difficult to define and measure -- particularly intelligence. This is an intrinsic concern of any research involving intelligence, but it is particularly relevant for research that makes causal inferences and public policy recommendations (as per the final line of the Abstract). What would it look like to increase intelligence? What aspect of intelligence would we increase? There is also a methodological concern here -- while the multivariable Mendelian randomization analyses are important for understanding questions of aetiology, the univariable Mendelian randomization analyses are more important for understanding the impact of public health interventions. As most interventions to increase intelligence would do so via education. Hence the total effects of intervention on intelligence and education should be as important as the direct effects. We would therefore encourage a co-equal presentation of these results.

The test used to measure intelligence in the Hill et al. data set was primarily the verbal numerical reasoning test (VNR). This test has been shown to genetically correlate at 0.81 (S.E. = 0.09, p = 6.2 X 10^-18^) with a general factor of cognitive ability derived by extracting the first unrotated principal component from a battery of psychometric tests.^2^ General factors derived from different batteries of cognitive tests have very high phenotypic correlations, often in excess of 0.95,^3,4^ and are used in epidemiological studies, brain imaging studies, as well as genetic studies.^5^ As the Hill et al. intelligence phenotype is genetically highly similar to a general factor of cognitive ability, intelligence, whilst difficult to measure, has been measured in the current study in a manner consistent with that used in the literature.

As far as we are aware, with the exception of education, there are no interventions that can increase intelligence over the long term.^6^ Whether the association of education and later outcomes is due to intelligence, or education, is a key question for socioeconomic researchers -- for exactly the reasons you give -- the policy implications. If education associates with later outcomes because of pre-existing differences in intelligence between individuals, then policies to increase the length of schooling, or other educational interventions are unlikely to affect later outcomes. Conversely, if the effects of intelligence are mediated via schooling, then it suggests that both exposures can potentially be intervened on to affect outcomes. This study is relatively unusual because we have plausible natural experiments for both intelligence and education. While, as with all empirical analysis, these estimates depend on specific assumptions, they provide a new source of evidence about this debate. We have added the total effects to the Abstract.

> 4\) The reviewers raised concerns about the use of multivariable Mendelian randomization for two variables that are so highly correlated. This is alleviated by the reasonably healthy Sanderson-Windmeijer F statistics, but particularly when the direct effects are in opposite directions (as for several examples in Figure 4 in Supplementary file 1), we worry slightly that this is just an artifact of including two highly correlated predictors in a regression model -- due to chance variation, one will end up with a positive estimate and the other with a negative estimate. Having said that, it is reassuring that this pattern doesn\'t hold for all the outcomes. What is the correlation between genetic associations with education and genetic associations with intelligence?

If two exposures are very highly correlated, then multivariate Mendelian randomization will have lower power. There is a large literature on testing for weak instruments with multiple exposures, e.g. see references. This literature led to the development of multivariate weak instrument tests -- such as the Sanderson-Windmeijer F-test. The null hypothesis of this test is that there is insufficient variation to identify the separate effects of the two exposures. This statistic essentially tests whether the instruments explain sufficient variation in one exposure, conditional on the other exposure.

Intelligence and education are very highly correlated -- but not perfectly correlated. As a result, the F-statistic falls from 548 and 1661 for intelligence and education in the univariate case, to 27.2 and 27.4 for the multivariate Sanderson-Windmeijer F-statistic. This provides strong evidence that while there is far less statistical power for the multivariate analysis, the instruments do explain sufficient variation in the two exposures, and the analysis is unlikely to suffer from weak instrument bias.

Lee and colleagues estimated that the genome-wide genetic correlation between cognitive performance and educational attainment were genetic correlated r~g~=0.662. The coefficients on intelligence and education for the SNPs included in this study were correlated to a very similar degree r~g~=0.64 for the 194 SNPs selected from the Hill et al. and r~g~=0.59 for the 75 SNPs selected from the Okbay et al. GWAS. Thus, while most of these SNPs affect intelligence and educational attainment in the same direction, they do not have identical effects on each trait. We use this difference in the size of effect of the SNPs on each trait to identify the effects of intelligence and educational attainment.

> 5\) Measurement error -- while you are correct that standard univariable Mendelian randomization is not particularly influenced by measurement error, the same is not necessarily true for multivariable Mendelian randomization. As this is based on multivariable regression, it is possible for measurement error in genetic association estimates to lead to bias in any direction. It may be the case that the expected bias is low, but we are not aware of any theoretical or simulation work on this topic.

Ordinary least squares (OLS) will be biased towards the null if there is random measurement error on the exposures. Random measurement error on the exposure does not affect the covariance of the outcome and the exposure. Whereas random measurement error will inflate the variance of the measured exposure relative to the true underlying exposure. These terms are the numerator and denominator of the OLS estimator, and hence if the denominator of the estimator is inflated, the OSL estimate will be downwards biased. In contrast the instrumental variable estimator is the instrument-outcome covariance divided by the instrument-exposure covariance. If the measurement error is independent of the instrument, then it will not affect the instrument-exposure covariance.

We do not know of any theoretical reason why random measurement error on the exposures would affect multivariable instrumental variable estimates. We have conducted a simple simulation to investigate this point. We found no evidence that measurement error would cause bias to a multivariable instrumental variable estimate.

We simulated three random error terms for the outcome and two exposures, and a random confounder:

v,u,e,c\~N0,1.

We generated correlated instruments:

rg\~N0,1

zx1=0.3\*N0,1+0.7\*rg

zx2=0.3\*N0,1+0.7\*rg

We generated the exposures:

x1=zx1+c+v

x2=zx2+c+u

We generated the outcome:

y=x1+x2+c+e

We generated two miss measured exposures. Measurement error:

me1,me2\~N0,1

Miss measured variables:

x1,measured=x1+me1

x2,measured=x2+me2

We ran instrumental variable regression (2SLS) for both measured and true underlying exposures. The true exposures were unbiased (β=1.01, SE=0.007 and 0.986, SE=0.007). When two miss measured exposures were included the estimates were unbiased (β=1.01, SE=0.012 and 0.977, SE=0.012). When one exposure was miss measured, these estimates were still unbiased, but more precise than using two miss measured exposures (β=1.01, SE=0.0084 and 0.982, SE=0.0084). In these simulations, random measurement error increases the standard error of the estimates, but it does not cause bias.

We have included the code for this simulation below.

//Neil Davies 12/03/2019

//This simulates a multivariable MR study with measurement error on the exposures

clear

set obs 250000

//Generate errors

gen v=rnormal()

gen u=rnormal()

gen e=rnormal()

gen c=rnormal()

//Generate correlated instruments

gen rg=rnormal()

gen z_x1=0.3\*rnormal()+0.7\*rg

gen z_x2=0.3\*rnormal()+0.7\*rg

//Generate the exposures

gen x1=z_x1+c+v

gen x2=z_x2+c+u

//Generate the outcome

gen y=x1+x2+c+e

//Run IV regression

ivreg2 y (x1 x2 =z\*),ro

//Repeat with measurement error

//Generate measurement error

gen me1=rnormal()

gen me2=rnormal()

gen x1_measured=x1+me1

gen x2_measured=x2+me1

//Run IV regression

ivreg2 y (x1_measured x2_measured =z\*),ro

//Remains unbiased

//Run IV regression with one miss measured and one measured accurately variable

ivreg2 y (x1 x2_measured =z\*),ro

> 6\) While we understand removing participants in the interim release for the analysis of genetic associations with intelligence/education, these participants could be included in analyses for other outcomes. We understand if you prefer to keep a consistent sample definition for comparability, but you may get improvement in power by using a wider sample for the gene-outcome associations. As a side point, in Figure 1 in Supplementary file 1, could you make clear where the two samples come from in the two-sample analyses? Currently there is only one box, but logically we\'d expect there should be two.

The interim release of the UK Biobank was included in the Hill et al. intelligence GWAS used to identify the SNPs associated with intelligence. As a result, if the outcomes of these individuals were included in the single sample analysis it could induce bias. While we acknowledge that this bias may well be small, the additional power from including these individuals in the single sample analysis is also likely to be modest. Therefore, we would prefer not to include these individuals in the single sample analysis. We excluded these individuals from the two-sample analysis for the same reason. We have added a note to Figure 1 in Supplementary file 1 that the exposure data for the two-sample analysis comes from the Hill et al. and Okbay et al. papers.

> 7\) It was difficult to identify the exact procedures followed in the paper at times. This was especially the case when they describe what data are used and which summary statistics are used. For example, the authors state, \"The characteristics of 124,661 participants of UK Biobank who met our quality control and inclusion criteria for our primary analysis are described in Table 1.\" What is considered the \"primary analysis\" of this paper? The bidirectional EA vs. intelligence analysis, the univariate analysis, or the bivariate analyses? Or perhaps all three of them? Given that the authors also describe using published GWAS results, it is not clear how these UK Biobank participants are used. Just for the outcome phenotypes? Additionally, the descriptions of the Sanderson-Windmeijer test and the clumping procedure is ambiguous and hard to follow.

The primary analysis is the two-sample multivariable Mendelian randomization of the effects of intelligence and education on the outcomes, as this is the approach that has the smallest standard errors and makes most efficient use of the available data.

We have amended the Introduction to include:

"Our primary analysis uses two-sample multivariable Mendelian randomization of the effects of intelligence and education on a range of socioeconomic and health outcomes. This approach makes most efficient use of available data. We present single sample analysis as sensitivity analyses."

We have edited the start of the Results section to make this and the how the different samples were used clear:

"The characteristics of 124,661 participants of UK Biobank who met our quality control and inclusion criteria for our primary two-sample multivariable analysis are described in Table 1. We take estimates of the SNP-intelligence and SNP-exposure associations from published GWAS of intelligence and education (Hill et al. and Okbay et al.), and estimate the SNP-outcome associations using participants of the UK Biobank who were not included in either GWAS."

In the Materials and methods we have clarified how the clumping was conducted:

"We restricted the analysis to SNPs in linkage equilibrium which were identified in the intelligence and/or education GWAS at p\<5x10^-08^ clumped on r2=0.01 within 10,000kb using the 1000 genomes reference panel.^7^[\[...\]]{.ul} For these pairs of SNPs, we selected the SNP that most strongly associated with education in the GWAS."

We have added a further explanation of the Sanderson-Windmeijer F-statistics. Essentially these are just tests of whether the SNP explains the exposure after conditioning on the other exposure:

"Sanderson-Windmeijer F-statistics tests the strength of the SNP-exposure conditional on the other exposure (intelligence or education). Because the effects of the SNPs on intelligence and education are similar (but not identical), the Sanderson-Windmeijer multivariable F-statistics are smaller than standard univariable F-statistics."

Please let us know if there are any other aspects of the paper we can clarify.
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\[Editors\' note: further revisions were requested prior to acceptance, as described below.\]

Reviewer \#2:

> I appreciate the authors\' substantial revisions in response to comments of the reviewers. The specific steps that were taken by the researchers is much more clear. I also appreciate the new analyses to test the assumptions of the method. I still have two substantive concerns, however.
>
> 1\) While the authors describe the limitations of the methods they employ, they give a much more rosy interpretation of their sensitivity results than I think is merited. The two well-powered pieces of evidence the authors present related to the validity of the MR assumptions are the published studies on indirect effects of parents and the evidence that the polygenic scores are strongly associated with covariates related to childhood environment. Despite this, the authors make conclusions like \"the impact of these associations on the final results may be small\" and that \"Assumption 2 \[no confounders\] is plausible because of the random inheritance of alleles at conception\". My conclusion upon reading the analyses is that the assumptions of MR probably don\'t hold in this case and that the bias is potentially substantial. Do the authors disagree? If so, the authors should provide evidence for why they think this is the case or what evidence they have that the bias induced by violations of this assumptions is negligible. Otherwise, the authors should use more conservative language throughout about their sensitivity analyses and should minimally include a line in the Abstract about how they find evidence that the MR assumptions may not hold in this case.

There is evidence, both in our paper, and elsewhere (e.g. Kong et al., 2018, Haworth et al., 2019, Abdellaoui et al., 2018) that the education associated variants associate with family background. These associations can be induced by residual population stratification, assortative mating, and dynastic effects. However, these effects do not necessarily induce bias in Mendelian randomization estimates of the effect of education on other outcomes. The overall bias is a function of the association of the SNPs and family background, and the association of family background and the outcome. Any effect of the family background on the exposure (education) will not cause bias in the Mendelian randomization estimates. We assessed the sensitivity of our results to these sources of bias by comparing our results with and without adjustment for principal components. There was very little evidence that the effects differed. This is consistent with the principal components (which indicate geographic ancestry) not being a major confounder of the SNP-outcome associations. The second sensitivity analysis we conducted was the sibling analysis which perfectly controls for population structure, common dynastic effects, and assortative mating. Again, using this analysis we found little evidence that our estimates differed. Therefore, while the Mendelian randomization assumptions are unlikely to perfectly hold, we found little evidence that violations in these assumptions resulted in bias in our estimates. Finally, in previous papers, we have used the raising of the school leaving in 1957 to provide further evidence about the effects of education. We found consistent evidence of effects of education for a number of outcomes (Davies et al., 2018). Nevertheless, many of these sensitivity analyses are underpowered, and they are certainly insufficient to prove that the violations of the Mendelian randomization assumptions do not meaningfully affect or explain our results. We need more evidence, particularly from family studies to resolve this.

We have made the following edits:

Subsection "Limitations": Assumption 2 is plausible because of the random inheritance of alleles at conception. It is not possible to prove the second assumption (independence) holds, because some confounders may be unmeasured or remain unknown.

Overall this suggests that while the there is some evidence that the scores associate with covariates, the impact of these associations on the final results may be small there is little evidence from these sensitivity analyses that these violations of the Mendelian randomization assumptions affects our results.

> 2\) I was not able to follow what was being done exactly based on the description of the bias component plots in the last paragraph of the subsection "Sensitivity analysis", subsection "Investigating bias" of the Materials and methods, and the figure legends for Figures 6 and 7 in Supplementary file 1. A description of the procedure for producing this plot should be clarified.

We have added the following sentence to the Results:

"This approach compares the omitted variable bias that occurs if a specific measured covariate is omitted from the multivariable adjusted and instrumental variable regression."

We have added the following description to the Materials and methods:

"These tests compare the size of the associations of the exposure and the instrument with the covariates. \[...\] We calculate confidence intervals around both bias terms to indicate uncertainty."
